Abstract: Mathematical models based on ordinary differential equations (ODE) that describe the population dynamics of viruses and infected cells have been an essential tool to characterize and quantify viral infection dynamics. Although an important aspect of viral infection is the dynamics of viral spread, which includes transmission by cell-free virions and direct cell-to-cell transmission, models used so far ignored cell-to-cell transmission completely, or accounted for this process by simple mass-action kinetics between infected and uninfected cells. In this study, we show that the simple mass-action approach falls short when describing viral spread in a spatially-defined environment. Using simulated data, we present a model extension that allows correct quantification of cell-to-cell transmission dynamics within a monolayer of cells. By considering the decreasing proportion of cells that can contribute to cell-to-cell spread with progressing infection, our extension accounts for the transmission dynamics on a single cell level while still remaining applicable to standard population-based experimental measurements. While the ability to infer the proportion of cells infected by either of the transmission modes depends on the viral diffusion rate, the improved estimates obtained using our novel approach emphasize the need to correctly account for spatial aspects when analyzing viral spread.
Introduction
The way a pathogen spreads within a host has important implications for the successful establishment and maintenance of an infection, as well as the identification of therapeutic targets. Being cellular parasites, viruses have evolved different mechanisms to invade their corresponding target cells in order to replicate and spread infection. In general, these mechanisms can be categorized by two main modes of viral transmission, i.e., (i) cell-free (CF) spread by diffusing viral particles and (ii) direct cell-to-cell (CC) transmission between infected and uninfected cells [1] . While cell-free diffusion of viral particles allows the infection of distant cells, direct cell-to-cell transmission leads to local spread, avoids complex entry processes and is thought to have the potential to shield the virus from neutralizing antibodies and other antiviral clearance mechanisms [2, 3] . Therefore, the latter transmission mode is usually thought to be more efficient in spreading infection [4, 5] . In addition, CC is assumed to play an important role in the establishment of persistent infections and therapy failure [2, 6, 7] . The importance and contribution of each of the transmission modes to viral spread still has to be determined in detail. However, to address this question, a reliable quantification of the individual transmission kinetics is needed.
Mathematical models have been an essential tool to analyze experimental data to assess viral infection dynamics. They have allowed the quantification of viral kinetics and identification of potential antiviral therapies (reviewed in [8] [9] [10] ). These virus dynamics models are usually based on systems of ordinary differential equations (ODE) describing the change in concentrations of target and infected cells, as well as the viral load over time. The earliest models, including the so-called standard model of virus dynamics [8] , concentrated on cell-free transmission describing the spread of infection by a contact process between virions and target cells [11, 12] . Mathematically, this transmission was formulated by simple mass-action kinetics. While these models provided first estimates of viral infection kinetics and cellular turnover dynamics, they ignored the process of cell-to-cell transmission. With increasing awareness of the importance of cell-to-cell transmission for infection dynamics, revised models appeared that additionally accounted for this transmission mode by extending the standard model of virus dynamics [13] [14] [15] [16] [17] . These new models considered different specific aspects of cell-associated transmission, including the possibility to transfer multiple viral strains simultaneously [16, 17] , as well as considering a time-delay for viral production [13] . However, all these models described cell-to-cell transmission by allowing target cells to get infected proportional to the concentration of infected cells and assumed that target and infected cells are well mixed. This assumption is especially violated for viral spread among stationary cells, e.g., within solid tissue environments. As the infection progresses, infected cells successively become surrounded by other infected cells, hindering cells in the center of infected foci from contributing to cell-to-cell transmission. Such foci of infected cells have been observed, for example, in HCV-infected liver tissue [18] [19] [20] . Thus, previous models relying on the mass-action assumption overestimate the fraction of infected cells contributing to cell-to-cell transmission and lead to an inappropriate quantification of the infection dynamics. There have been several approaches to improve these quantifications for various pathogens by using probabilistic [21] and spatially explicit modeling frameworks, such as agent-based models [22, 23] . However, especially the latter approach is difficult to be directly fit to experimental data. Therefore, finding an extension for the standard model of virus dynamics that appropriately accounts for cell-to-cell transmission would help to improve current analyses of viral spread.
To this end, we developed an agent-based model (ABM) to simulate viral replication and spread in a monolayer of cells. The simulated data allowed us to reveal the deficiencies of standard virus dynamics models when analyzing viral spread by cell-to-cell transmission. Based on these analyses, we developed an extension for the standard model of virus dynamics to allow for an appropriate quantification of the infection kinetics due to cell-to-cell transmission. Our novel approach adjusts for the decreasing proportion of infected cells contributing to cell-to-cell spread with progressing infection, which is especially important for viral transmission among stationary cells. In contrast to current models, our proposed model provides a more accurate quantification of the underlying infection dynamics. As such, our extension provides a means to account for viral transmission dynamics on a single cell level within the context of a model that remains applicable to common population-based experimental measurements that are used to quantify rates characterizing viral infection and spread. Additionally, we tested the ability of our novel method in comparison to previous approaches to infer the contribution of each of the transmission modes to infection spread and found that reliable approximations of these contributions depend on the diffusion rates of cell-free virus, with our novel approach leading to more appropriate estimates. Thus, our analysis provides an improved understanding of how to reliably quantify cell-to-cell transmission dynamics for various viruses spreading within solid tissue-environments.
Materials and Methods

The Standard Model of Viral Dynamics
The standard model of virus dynamics describes the coupled dynamics of the concentration of target cells, T, infected cells, I, and the extracellular viral load, V [8] . In general, target cells are assumed to get infected at rate β f proportional to the viral concentration V and have an average lifetime of 1/δ T . Infected cells produce new virions with a viral production rate ρ and are lost with rate δ I , while free virions are cleared with rate c. Previous model extensions accounted for cell-to-cell transmission by including an additional infection term, also allowing target cells to get infected at a rate β c proportional to the concentration of infected cells [13] [14] [15] . Hereby, β c describes the rate of cell-to-cell transmission. In summary, the basic model accounting for both transmission modes is then described by the following system of ordinary differential equations:
As we will later introduce different extensions and sub-models of this standard model, Table 1 provides an overview of all the different models used in the current study. Table 1 . Overview of all different models considered that were applied to the ABM-simulated data. As we always neglect cellular turnover in our simulations to focus on the effect of the spatial conditions on the transmission processes, cell death is always neglected within the model equations, meaning 
Name
Simulating Viral Spread in a 2D Agent-Based Model
We developed and simulated spread of a positive-strand RNA virus within a monolayer of cells in vitro using an agent-based modeling approach. Cells were distributed on a two-dimensional lattice with each node denoting a single cell. We assume that each cell has a hexagonal shape with k = 6 direct neighbors and the total hexagonal shaped grid comprising 24,031 cells in total (90 cells per side).
A sketch of the different processes considered in the agent-based model is depicted in Figure 1A . Cells are stationary and can be either infected or uninfected. Upon infection of a cell, intracellular viral replication is modeled by an ordinary differential equation describing the accumulation of positive-strand RNA, R. We assume density dependent replication with a maximal replication rate α and a carrying capacity of R cap for each cell. Positive-strand RNA is degraded with rate γ and exported from the cell with an export rate ρ contributing to the extracellular viral concentration, V. However, only a fraction of the intracellular viral RNA, f inf , is assumed to be infectious. Thus, the intracellular replication of positive-strand RNA in an infected cell at site (i, j) and its export is described by the following system of ordinary differential equations: Extracellular virus is capable of diffusing through the lattice with diffusion modeled as seen in [24] assuming that the viral concentration at grid site (i 0 , j 0 ) changes from time step t n to t n+1 by:
with k and Ω denoting the number and set of neighboring grid sites, respectively, and m the fraction of viral particles that are assumed to diffuse. An uninfected cell can get infected by cell-free transmission at each time-step with probability p f dependent on the extracellular viral concentration at the corresponding grid site, V, and a scaling factor s f , i.e., p f = s f V. Cell-to-cell transmission is considered by the direct transmission of intracellular viral RNA from an infected cell to its uninfected neighbor and occurs with probability p c dependent on the intracellular concentration of infectious viral RNA within the infected cell, f inf R, and a scaling factor s c . Upon successful infection, the concentration of intracellular viral RNA within the infecting cell is reduced due to transfer of viral material into the target cell and the novel infected cell starts viral replication with one single viral RNA. Initial viral load for cells infected through cell-free infection is also one viral RNA. Intracellular viral replication is parameterized by fitting Equation (2) to experimental data on the spread of HCV within in vitro cultures that measured the intracellular RNA per cell and the extracellular viral load over time [25] . The estimated parameter values considered within the simulation are shown in Table S1 and the resulting time courses of the concentrations for intracellular RNA, R, and extracellular infectious virus, V, for one infected cell are shown in Figure 1B .
Resembling previous experimental protocols [21] , our ABM-simulated infection is initialized by choosing a number of cells at random that are infected with probability p init (t) during the first 17 h of a simulation. Hereby, p init (t) is defined by:
withÎ 0 denoting the expected total number of infected cells during initialization, and λ the rate at which the inoculum used for infection looses its infectivity. At 17 h post infection, the total extracellular virus concentration is reset to zero, representing the change of media. The simulated cell culture system was run for 10 days and the number of infected cells, as well as the viral concentration at indicated time points was noted. The appropriateness of different population-based modeling approaches to infer the underlying parameters characterizing both transmission modes was determined by fitting these models to the simulated ABM-data. The probabilities for cell-free, p f , and cell-to-cell transmission, p c , were varied between simulations to consider different contributions of each of the two transmission modes to infection spread. An example of a simulation of the agent-based model about 3 days after the initiation of infection assuming a scaling factor s f = 28 min −1 virus −1 and s c = 0.82 min −1 RNA −1 is shown in Figure 1C . The model was implemented in the C++ programming language.
Parameter Estimation
The different mathematical models describing the spread of infection, e.g., Equation (1), were fitted to the simulated data using the optim-function in the R-language of statistical computing [26] . Parameters characterizing the infection dynamics were determined maximizing the log-likelihood function given by:
Hereby, n determines the number of different simulations, x j (t) the measured concentration of infected cells or the viral concentration at sampling time point t for simulation j, σ t the empirical variation across all simulations, and f (θ, t) the corresponding model prediction with θ = (β c , β f , . . .). Furthermore, we assume a constant absolute measurement error, σ me , that was additionally estimated. When the extracellular viral concentration and the number of infected cells were considered in the fit, a relative measurement error was assumed. Parameter identifiability was assessed using a profile likelihood approach [27] , which was also used to calculate the 95%-confidence intervals.
Model performance was compared using the corrected Akaike information criterion (AICc) [28] calculated by:
where L = max(l(θ)) defines the maximal value of the log likelihood function, k the number of model parameters and n the number of data points the model is fitted to. Differences between models were evaluated by the ∆AICc with the difference always calculated compared to the best performing model with the lowest AICc-value within the corresponding situation.
Results
Standard Models of Virus Dynamics Are Insufficient to Describe Cell-To-Cell Transmission Dynamics among Stationary Cells
The standard model of virus dynamics has been extensively used to analyze time courses of infection. It describes the dynamics of the concentration of target cells, T, infected cells, I, and the extracellular viral load, V, accounting for the infection processes and viral turnover [8] (see Figure 2A and Equation (1) in the Materials and Methods for a detailed description of the model). In this model, the two infection processes of CF-and CC-transmission are generally described by mass-action kinetics dependent on the viral concentration, V, and the concentration of infected cells, I. Examining the latter term addressing cell-to-cell transmission in more detail, it becomes clear that all infected cells are assumed to always contribute to CC-transmission. However, this assumption is most likely violated for viral spread within spatially defined environments, especially for viral spread among stationary cells, as, e.g., in solid tissues. To test the ability of the basic model defined in Equation (1) to describe cell-to-cell transmission dynamics among stationary cells, we used an agent-based model (ABM) simulating viral spread in a 2D monolayer of cells. The ABM assumes cells to be distributed in a hexagonal grid, i.e., with each cell having six different neighbors, and accounts for intracellular viral replication and intercellular viral spread (see the Materials and Methods for a detailed explanation). For simplicity, proliferation and death of infected and uninfected cells were neglected. To concentrate on the dynamics of cell-to-cell transmission, we first studied infection spread by cell-to-cell transmission starting with a single infected and assuming unlimited target cell numbers. Figure 2B shows the increase in the total number of infected cells averaged over 100 individual ABM simulations that were evaluated every 24 h for 10 days. Fitting a model that assumes standard mass-action kinetics to describe cell-to-cell transmission (CC-model, Equation (1) with β f = δ I = δ T = 0) to these data, we find that it is incapable of providing a reasonable representation of the infection dynamics ( Figure 2B , with reduced Chi-squared-statistics X 2 8 = 1096 indicating poor fit considering the standard deviation of the data). Such a model fails to explain the observed decreasing growth rate of a focus of infected cells over time. Thus, simple mass-action kinetics as it has been used previously [11, 13, 14] seems to be inappropriate when describing viral spread by cell-to-cell transmission among stationary cells.
Improved Description of Cell-To-Cell Transmission Dynamics Accounting for Spatial Effects
Our ABM-simulated data indicate a non-constant growth rate for foci of infected cells by cell-to-cell transmission among stationary cells. To better understand the dynamics of focus growth by cell-to-cell transmission over time, we consider a virus only capable of spreading by cell-to-cell transmission. Newly-infected cells can only appear next to already infected cells leading to large foci of infected cells. The larger a focus gets, the larger the proportion of cells that are completely surrounded by other infected cells and, hence, can no longer contribute to cell-to-cell transmission ( Figure 3A) . Thus, the previously assumed proportionality between successful cell-to-cell transmissions and the concentration of infected cells (Equation (1)) might not hold true and needs to be adapted.
To this end, we derived a correction term f c (I) that adjusts the infection term β c IT for the decreasing proportion of cells contributing to cell-to-cell transmission during the progression of infection. Following a single focus of infected cells in a 2D layer of stationary cells and assuming radial focus growth, i.e., all cells in a certain radius around the focus-founding cell are infected before the next expansion phase ( Figure 3A ), the proportion of cells able to contribute to cell-to-cell transmission, f c , can be calculated by the ratio between the number of cells in the perimeter of the focus and the total focus size, f c = #cells in perimeter of focus #cells in focus .
The number of cells in the perimeter depends on the assumed number of neighbors per cell, k, and the radius of infection, i.e., the expansion phase, n ( Figure 3A) . Initially, having only one infected cell, f c = 1 as the perimeter equals the whole focus size. After the first expansion phase, n = 1, the number of cells in the perimeter is equivalent to the total number of neighbors of a cell, i.e., f c = k. After the second and third expansion phase, the number of cells in the perimeter doubles and triples, respectively, while the total focus size grows slightly faster ( Figure 3A) . In general, the proportion of cells in a focus contributing to cell-to-cell transmission (CC contributors) after completion of expansion phase n and dependent on the assumed number of neighbors, k, is determined by:
Similarly, the total number of infected cells in a focus is calculated by:
By solving Equation (8) for n and substituting in Equation (7), we obtain:
as a continuous function of the assumed number of neighbors per cell and the number of infected cells in the focus (see Figure 3B , dashed red line). . The theoretically-determined relationship (Equation (9), red dashed line) underestimates the true proportion for small focus sizes. The black line indicates the complete adjustment term as described in Equation (10)) with z = 10; (C) Proportion of CC contributors with respect to focus size assuming either k = 4 (red), 6 (green) or 8 (blue) neighbors (neigh) for each cell. Parameter z is set to 10.
Obviously, Equation (9) only holds true if I ≥ k. Otherwise, all infected cells in the focus can still contribute to cell-to-cell transmission as not all neighbors of the founder cell are infected (see Figure 3A) . To allow for a better approximation of the proportion of contributors for small foci sizes, we define f c (I) = f 1 = 1 for I ≤ k. In order to obtain a smooth function for f c dependent on the number of infected cells, we define a connection term f 2 for k < I < k + z, with z ∈ R + , to connect the proportion of contributors for small focus sizes, f 1 , with the general function for larger focus sizes obtained in Equation (7) (see Figure 3B and Supplementary Material Text S1 for a detailed derivation of the connection term f 2 ). Hereby, the parameter z defines the number of infected cells over which the transition between full contributors and ringlike focus growth is used. Thus, the final adjustment term f c (I) for a single focus comprising I infected cells is then given by:
where a = a(z, k) and b = b(z, k) are functions of the parameters z and k and define coefficients of the polynomial for f 2 ensuring the smoothness of f c (see Text S1). Figure 3C shows the development of the proportion of CC contributors for different numbers of neighbors per cell dependent on the focus size, I. Note that the adjustment term described in Equation (10) is valid for a continuous variable I, e.g., I representing the concentration of infected cells. To approximate the proportion of cells contributing to cell-to-cell transmission in a culture comprising several foci, I can be replaced by I/φ, where I defines the total number of infected cells and φ the number of different foci at the beginning.
With the definition of f c , an adjusted model for cell-to-cell transmission dynamics that extends Equation (1) is then defined by:
As we always neglect cellular turnover in our simulations to focus on the effect of the spatial conditions on the transmission processes, cell death is neglected in the following, meaning δ T = δ I = 0 throughout the manuscript.
Adjusted Model Provides Improved Description of Cell-To-Cell Transmission Dynamics for Individual Focus Growth
To test the ability of our adjusted model to describe individual focus growth by cell-to-cell transmission, we fit it to the same simulated data. The adjusted model (aCC-model, Equation (11) with Table 1 ) provides a visibly better description of the growth dynamics than the standard CC-model ( Figure 4A ). Model fits are significantly improved (∆AICc = 823.1 compared to ∆AICc = 29.2 for the CC-and aCC-model, respectively) and with the adjusted cell-to-cell transmission rate, f c (I)β c , we are able to explain the decreasing growth rate of a focus over time.
Estimates for the transmission rate characterizing cell-to-cell spread using the aCC-model are roughly 1.5-times larger than for the CC-model (β c = Table 2 ). Profile likelihood analysis indicates that all parameters are identifiable based on the given data ( Figure 4A , insert and Figure S1 ). To more closely resemble the simulated scenario, we also considered a model that additionally incorporated a time-delay for the concentration of infected cells mediating cell-to-cell transmission, i.e., accounting for the time that cells need to become infectious. To this end, the term f c (I)β c IT describing cell-to-cell transmission in the aCC-model is replaced by f c (I)β c I(t − τ)T, with τ defining the considered time-delay. This revised aCC-d I -model further improves model predictions ( Figure 4B and ∆AICc = 29.2 compared to the aCC-model, Table 2 ). However, including a time-delay on the standard-model, i.e., CC-d I , does not improve model predictions substantially (∆AICc = 810.9 compared to aCC-d I ), indicating that the additional consideration of an eclipse phase does not explain all the dynamics observed in the data.
To validate our theoretically derived adjustment term f c , we compared the predicted proportion of cells contributing to cell-to-cell transmission (CC contributors) to the proportions inferred from the individual ABM simulations. We found that the aCC-model predicts a slightly higher proportion of CC contributors dependent on the focus size than observed in the simulations ( Figure 4C, green line) . However, the aCC-model with an additional time-delay in the concentration of infected cells contributing to CC (aCC-d I -model) leads to nice agreement in the predicted and observed proportions ( Figure 4C, red-dotted line) .
In summary, our adjusted model is a more appropriate approach than previous models with simple mass-action kinetics when describing individual focus growth among stationary cells. In addition, it provides a good approximation of the proportion of cells capable of contributing to cell-to-cell transmission. Table 2 .
Determining Cell-To-Cell Transmission Dynamics across Multiple Foci
Data from in vitro experiments usually comprise the simultaneous growth of multiple foci with measurements of viral load and infected cells obtained on a population level. Here, heterogeneity in the time at which individual foci are initiated, as well as processes such as merging of foci ( Figure 5A ) might violate the assumptions used for the derivation of the adjustment term f c . Table 2 . Estimates of the cell-to-cell (CC) transmission dynamics in the simulated data. The CC-, aCC-and aCC-d I model (see Table 1 for equations) are fitted to the concentration of infected cells obtained for the growth of single and multiple foci. The parameter estimate of the best fit is given with the 95%-confidence interval shown in brackets. Model performance was assessed using the corrected Akaike information criterion (AICc). The difference in the corrected AIC values, ∆AICc, is calculated relative to the AICc of the best fitting model (∆AICc = 0) for single and multiple focus growth, respectively. For the aCC-model, the neighbor distribution was defined by k = 6. The parameter θ scales the number of infected cells within the adjustment term and defines a quantity representing irregular focus growth, with θ = 1 indicating perfect circular focus growth. For multiple foci, the number of infected cells is divided by φ = ψθ, where ψ defines the number of initially infected cells (see also Supplementary Material Text S1). Viral turnover rates, i.e., c and ρ, are not taken into account when analyzing only CC-transmission dynamics. To evaluate the appropriateness of our adjusted model to correctly infer cell-to-cell transmission dynamics given the simultaneous growth of multiple foci, we used our agent-based model to simulate viral spread assays that allow the initiation of multiple foci. According to previous experimental conditions [21, 29, 30] , we consider a monolayer of cells in which infection is randomly initiated during a time period of 17 h. After this initial infection period, the extracellular virus concentration is set to zero and cell-free infection is turned off, resembling the removal of medium and the addition of antibodies targeting the viral envelope in the experiment [21, 29, 30] . Infection is then assumed to progress solely by cell-to-cell transmission. As before, the total number of infected cells in the simulations is sampled every 24 h (see the Materials and Methods for a detailed description of the ABM). To compare the CC-and aCC-model in their ability to describe cell-to-cell transmission dynamics, we separate the two processes of initiation of infection and subsequent focus growth. Therefore, only the data after the end of the initial infection period are considered for the analysis, i.e., taking the number of infected cells 17 h post infection as initial condition.
Model
Again, we observed that our aCC-model performs better than the CC-model that relies on the well-mixed assumption between target and infected cells ( Figure 5B and Table 2 , ∆AIC c = 92.88). In this more complex scenario, a model not accounting for a decreasing growth rate with progression of infection still fails to describe the decelerated infection dynamics. As already observed for a single focus, using the adjusted model (aCC) leads to approximately a 1.5-fold increase in the estimates for the cell-to-cell transmission rate (β c = Table 2 ). In addition, we found that estimates of the cell-to-cell transmission rate for the aCC-model are robust even if the assumed neighbor-distribution, k, deviates to some extent from the correct distribution (see Supplementary Material Table S2 ). Extending our adjusted aCC-model to additionally account for the time a cell needs to become infectious (aCC-d I ) does not improve model fits as we estimate a delay of τ ≈ 0. This is expected as, in contrast to the scenario starting with a single infected cell, there are already some infectious cells present after the end of the initiation period. Therefore, an additional time-delay can be neglected and we will concentrate on the aCC-model for the underlying scenario.
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To confirm the suitability of the adjustment term f c in such a complex scenario, we compared the proportion of CC contributors among all foci of infected cells inferred from the ABM simulations to the proportion predicted by our model ( Figure 5C ). Here, the adjustment seems to provide a worse prediction for the proportion of CC contributors than compared to single focus growth ( Figure 4C ). Especially for later time points with multiple infected cells, we seem to overestimate the proportion of cells contributing to infection spread. However, the discrepancy between the proportion of CC contributors in the ABM simulations and the predicted proportion by our aCC-model is due to an uneven comparison of both terms. For the ABM, the average increase in infected cells per time step, ∆ ABM I(t) = I(t + 1) − I(t), can be described by:
Here, t start and t end represent the start and end time of the simulation run, respectively, andV cc the approximated average concentration of viral particles in the cells contributing to cell-to-cell transmission. The termβ c defines the infectivity per intracellular viral particle, and f c (I, T) the proportion of infected cells contributing to cell-to-cell transmission by accounting for the availability of uninfected target cells in their neighborhood.
On the other hand, the increase in infected cells in our aCC-model (Equation (11) with β f = δ I = δ T = 0) is given by:
∆ ODE I(t) = β c f c (I(t)) I(t)T(t).
Both equations, Equations (12) and (13), describe the same increase, i.e., ∆ ABM I(t) = ∆ ODE I(t) ( Figure 5D ) with β c =β cVcc . Hereby, the proportion of contributors in Equation (13), f c (I(t)), needs to be corrected for the proportion of target cells that are still available ( Figure 5C, dashed green line) . This is already implicitly considered in the corresponding termf c (I, T) for the ABM. Thus,f c (I, T) corresponds to f c (I(t))T(t)/T 0 , where T(t)/T 0 describes the proportion of available target cells at time t with T 0 defining the total number of target cells at the start of the infection dynamics. In summary, although heterogeneous growth of multiple foci and merging of foci violate the assumptions used to derive the adjustment term f c , the term still provides a reliable approximation of the proportion of cells contributing to focus growth ( Figure 5C ) if corrected for the available proportion of target cells. Therefore, our extended aCC-model provides a better description of the observed infection dynamics than standard models when analyzing viral spread by cell-to-cell transmission among stationary cells.
Using Population Dynamics Models to Disentangle Combined Transmission Dynamics
So far, we have only considered the spread of infection by cell-to-cell transmission and showed that the adjusted CC model (aCC) provides a good description of the underlying dynamics. However, during infection, both transmission modes most likely occur simultaneously. This leads to the question to which extent population dynamics models, as described by Equations (1) and (11) , are generally able to disentangle the contribution of each of the transmission modes to viral spread. To this end, we simulated infection dynamics allowing for simultaneous occurrence of cell-free and cell-to-cell transmission in our agent-based model. Hereby, infected cells produce virions that are exported to the extracellular space and diffuse through the simulated space before infecting other cells (see the Materials and Methods). Sampling the number of infected cells and the extracellular viral load at various time points, we then determined the ability of the different ODE models (Equations (1) and (11)) to predict the proportion of cells infected by either cell-free (CF proportion) or cell-to-cell transmission as observed in the ABM-simulations.
In the first step, we considered a scenario with virions diffusing slowly through the extracellular environment, i.e., considering a low viral diffusion rate. For simplicity, we again neglected cell proliferation and cell death within the ABM-simulations. As before, we observe that our adjusted model considering both transmission modes (aCCF-model, Equation (11) with δ I = δ T = 0) provides a substantially better description of the observed dynamics than the standard model (CCF-model, Equation (1) with δ I = δ T = 0) ( Figure 6A , ∆AICc = 60, Table 3 ). Based on the estimates for β c and β f , the CCF-model also predicts that all cells are infected by only one of the two transmission modes. In contrast, the aCCF-model indicates an increasing proportion of cells infected by cell-free transmission, which is comparable to the observations in the simulated data ( Figure 6B) . However, at later time points, the CF proportion is generally underestimated which indicates an underestimation of the corresponding transmission rate, β f . Thus, while the standard model is incapable of inferring the contribution of each of the two transmission modes to infection spread, our adjusted model provides appropriate approximations, although it underestimates the CF proportion at later time points. Table 3 .
Identifying the contribution of each of the transmission modes to viral spread could potentially be facilitated if one of the transmission rates is already known, or if it can be quantified based on separate experiments. Assuming that cell-to-cell transmission can be blocked, we simulated infection spread in our ABM only allowing for cell-free transmission. Fitting the standard model of virus dynamics (CF-model, Equation (1), β c = 0) to these data, we observe that a correct quantification of β f is impaired under conditions in which the extracellular virus diffuses slowly ( Figure 6C ). Specifically, in cases of low viral diffusion rates infection tends to spread locally, causing a model assuming mass-action kinetics for infection spread to provide a poor description of the dynamics. This could already be seen for local spread by cell-to-cell transmission (e.g., Figure 4A ). However, given fast viral diffusion rates (∼1.7 µm 2 s −1 resembling those observed for HIV-sized virions diffusing in water [31] , Table S1 ), which are roughly 165-times faster than assumed before, a model describing cell-free transmission by mass-action kinetics would provide a reasonable description of the observed dynamics as the system approaches a well-mixed situation ( Figure 6C ). Thus, a separate quantification of the rate of cell-free transmission is only appropriate in case of fast viral diffusion rates allowing far-range viral spread.
We therefore tested if the simultaneous analysis of simulated data from systems considering either only cell-free or both transmission modes in case of fast viral diffusion allows us to disentangle the contribution of each of the two transmission modes to infection spread. We found that both models, CCF and aCCF, provide reasonable descriptions of the dynamics for infected cells and extracellular virus ( Figure 6D,E) . Furthermore, both models lead to similar estimates for the cell-free and cell-to-cell transmission rates, β f and β c , respectively ( Figure 6F and Table 3 ). In this scenario, there is no indication for the necessity of an adjustment term that corrects for a decreasing frequency of CC contributors (∆AICc = 9.5, Table 3 ). Due to a fast viral diffusion, many new foci are initiated during the time course of infection, which in turn leads to small average focus sizes. Despite their ability to describe the infection kinetics ( Figure 6F ), both models slightly overestimate the proportion of cells infected by cell-free virus, although capturing the general dynamics ( Figure 6D,E) . In summary, population dynamics models are able to provide a rough approximation for the proportion of cells infected by either of the transmission modes if viral diffusion rates allow for far-range viral spread, and in case one of the transmission kinetics can be quantified separately. In the case of high viral diffusion, there is generally no evidence for using the adjusted aCCF-model. However, if CF infection tends to spread locally, i.e., if viral diffusion rates are low, using the adjusted model aCCF-model is recommended as it provides far better approximations than the previously used CCF-model.
Discussion
Direct cell-to-cell transmission of viral material between infected and uninfected cells has been found to play an important role for various viruses, including hepatitis C virus, influenza and HIV-1 (reviewed in [1] ). As cell-to-cell transmission is thought to have the potential to shield the virus from host neutralizing antibodies and other viral clearance mechanisms [2, 3, 21, 32] , it has been estimated that this route of transmission is much more efficient than cell-free viral spread [4, 5] . However, to reliably infer the contribution of this transmission mode for the spread of infection, appropriate mathematical models that analyze the infection dynamics are essential.
In the current study we show that standard population-based approaches fall short to explain viral spread within spatially defined environments given cell-associated viral spread. In particular for stationary cells, ODE models relying on mass-action kinetics to describe spread of infection by cell-to-cell (CC) transmission do not explain the observed dynamics ( Figure 2B ). This can be explained by the fact that such models assume that all infected cells are capable of contributing to cell-to-cell spread while the actual proportion is decreasing with increasing focus sizes. Spatial effects limit the proportion of contributors as soon as infected cells are completely surrounded by other infected cells. Models not accounting for this loss underestimate the actual transmission kinetics by overestimating the population of cells driving the spread of infection. Extending previous virus dynamics models by adding a newly developed adjustment term that accounts for this decreasing proportion of CC contributors over time, we were able to correctly describe the underlying dynamics. This novel approach provides more appropriate estimates for the kinetics of cell-to-cell transmission among stationary cells, with estimates for the cell-to-cell transmission rates being roughly 1.5-times larger than estimates relying on the uncorrected models. In this scenario, estimates based on mathematical models that rely on mass-action kinetics only provide a lower bound for the transmission kinetics as they tend to overestimate the cell population contributing to infection. To what extent this also applies for cell-to-cell transmission among motile target cells still has to be investigated. However, it has already been shown that the assumption of a well-mixed situation has to be taken with care if cell-cell interactions take time, and if multiple cells interact simultaneously [33] [34] [35] . With the observed importance and assumed efficiency of a direct viral transmission pathway between infected and uninfected cells for several viruses, it is more important than ever to correctly account for this mode of transmission when analyzing viral spread.
As appropriate experimental methods to distinguish between cells infected by either route of transmission are lacking, mathematical models currently represent a feasible alternative strategy to estimate the contribution of each of the transmission modes to viral spread. However, disentangling the contribution of cell-free and cell-to-cell transmission to viral spread by population dynamics models in case of their simultaneous occurrence is generally challenging (Figure 6 ). Our analysis based on simulated data indicates that our extended ODE model provides a better approximation for the proportion of cells infected by each transmission mode compared to previous approaches, when cell-free virus tends to spread locally ( Figure 6B ). However, an underestimation of the proportion of cells infected by cell-free transmission at later time points is still observed, and is to be expected. Specifically, when viral diffusion rates are low growth patterns are more likely to resemble those relying on cell-to-cell transmission dynamics causing the contribution of cell-free transmission to be underestimated as it cannot be reliably separated from growth of foci by cell-to-cell transmission. Analysis of data from experiments where either cell-free [21] or cell-to-cell transmission [14] is inhibited can be used to quantify one of the transmission kinetics separately. This additional information clearly improves the quantification of the contribution of each of the transmission modes to viral spread. Hereby, the kinetics of cell-free transmission can only be reliably estimated by population-dynamics models if viral diffusion rates allow for far-range viral spread leading to non-local growth patterns. However, even with such prior-knowledge biased estimates can still be obtained as the mean-field approximations by ODE models can only insufficiently account for the effects both transmission modes have on each other ( Figure 6F ).
For simplicity, our analysis explicitly concentrated on the viral transmission dynamics and neglected infected cell death and the turnover of uninfected target cells in the simulated data and analysis. As such, our approach could be especially relevant for non-cytopathic viruses, such as hepatitis B and C virus, where cell death can be ignored until effective immune responses are induced [36, 37] . To which extent target cell turnover, as well as recovery of tissue could affect the dynamics and, thus, the appropriateness of our extension term, remains to be investigated. However, several theoretical studies including target cell dynamics already revealed the limitations of modeling approaches using simple mass-action kinetics in case of spatial effects [24, 38] .
In ecological and epidemiological studies, it has also been shown that the consideration of space for contact-dependent infection spread has important implications on the epidemiological and evolutionary dynamics [39, 40] . Spatial separation of the susceptible population can lead to delayed and more reduced infection kinetics, as well as a higher likelihood of epidemics to go extinct [39] . A number of different modeling frameworks have been developed that study infection spread within populations and that have also been used to determine the effect of space in the context of viral spread within tissues. These modeling frameworks include meta-population models [24] , pairwise-approximation or spatial moment equations [41] , models based on partial differential equations [31] , and even sophisticated agent-based models and cellular automata [22, 23] . However, these studies mainly concentrated on the qualitative behavior of the systems due to the general difficulty of fitting them to experimental data. Nevertheless, they already revealed differences in the infection dynamics in comparison to non-spatial models and limitations for their assumptions [24, 38, 42] . Thus, especially in the context of experimental systems of increasing complexity that mimic natural tissue structures [43] [44] [45] , reliably accounting for space will be important when analyzing viral spread.
Our novel approach represents a first step towards an improved quantification of cell-to-cell transmission dynamics within complex environments using ODE-based virus dynamics models. It is especially relevant for viruses spreading within solid tissues, such as hepatitis C virus within the liver [18, 20] or influenza spreading in lung epithelial tissue [23] . Most importantly, the extended model formalism allows for consideration of viral spread on the cellular level, while remaining applicable to the standard population-based experimental data typically available for analysis (e.g., [14] ). While individual cell-based approaches, such as agent-based models as presented here and elsewhere [22, 46] , allow a more detailed description and analysis of the transmission kinetics, the complex data required to utilize such models is less often available, and the computational complexity of the models themselves can be limiting. In combination with the advances in computational methods that allow parameter estimation for such sophisticated models [47] , these approaches could enhance the possibility to infer the kinetics and contribution of each of the transmission modes to viral spread for different pathogens and, thus, could provide necessary information for the development of potent antiviral strategies.
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